Abstract-The main inherent property of medical ultrasound imaging is speckle noise which generally obscures and reduces the diagnostic image resolution and contrast. Consequently, the substantial improvement of ultrasound images is an important prerequisite, whenever ultrasound is used as one of the most utilized diagnostic modalities. The problem of reconstruction of ultrasound images by means of blind deconvolution has long been recognized as a prerequisite in ultrasound imaging processing in the recent decades. Recently, the Total Variation (TV) regularization method has become extremely effective approach for image reconstruction, especially for restoring edges of the blurring image. In this paper, we present a new blind iterative TV deconvolution algorithm for reconstructing ultrasound images from blurry and noisy observations. First, it proposes the initial estimation of the point-spread function (PSF) based on a generalization of two-dimensional homomorphic filtering in cepstrum domain. It is demonstrated that the initial PSF can be effectively estimated by applying a proper smoothing low-pass filtering in cepstrum domain. Second, it introduces a novel blind iterative TV deconvolution which is derived from an alternating minimization algorithm. Fast Fourier Transform (FFT) is used in the pre-iteration computation. The innovative blind deconvolution is based on either concurrent or successive estimation of the PSF function and the image of interest. The iterative scheme is devised to recover the image and simultaneously identify the PSF function. The estimated PSF and restored image will be close to real values in the subsequent iterative deconvolution. Final, tests on phantom and clinical images have proven our novel blind iterative TV deconvolution gives more positive results of higher spatial resolution and better defined tissue structures than other deconvolution methods.
I. INTRODUCTION
ltrasound imaging has become one of the most utilized modalities in medical diagnostics, since it is considered to be noninvasive, portability, low cost, safety and real-time imaging. Unfortunately, ultrasound imaging always appears low image quality caused by fairly low spatial resolution and the presence of speckle and noise as compared to other diagnostic modalities, such as, X-ray, CT or MRI. In the past few decades, significant attentions Zheng Huang is with the Department of Electrical & Computer Systems Engineering, Monash University, Melbourne 3800, Victoria, Australia (e-mail: zheng.huang@eng.monash.edu.au).
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have been paid to improve the quality of medical ultrasound by using efficient signal processing techniques, which are most based on deconvolution techniques to combat the main defect of the imaging modality-speckle noise.
Ultrasound imaging can be considered as a convolution model of the point spread function (PSF) of the ultrasound scanner and the tissue reflectivity function, which implies a linear interaction between the acoustic field and observed tissue [1] , [2] . The convolution model has long been known as a good approximation of the real field-tissue interaction. According to this reason, the model is chosen as the theory basis for the present deconvolution study. The deconvolution of the observed radio-frequency image data by the point spread function is applied to increase the spatial resolution of medical ultrasound images [3] - [10] .
According to the convolution model, the received radio-frequency (RF) image from transducer is considered as a convolution result between the PSF and tissue reflectivity function. The convolution model assumes that the PSF function is spatially invariant. However, in ultrasound imaging, the PSF exhibits spatial variability due to focusing, diffraction, attenuation, absorption, and phase aberrations [4] - [8] . In the deconvolution techniques, the spatial variance of the PSF has to be taken into account and the global description can rarely be used to the formation of a whole RF-image. It is commonly done to decrease the spatial variability via departing the whole RF-image into several small segments [5] - [8] . Consequently, it is possible to resolve the nonstationary deconvolution by using a number of stationary deconvolution with relatively low spatial variable PSF function. Every segment with low spatial variability may be modeled by the stationary convolution model with corresponding local PSF. The entire image deconvolution can be divided into several segment deconvolutions, and the final deconvolved image can be recovered by combining all deconvolved segments. Each segment image must then be deconvolved using our algorithm from the corresponding segment image. Then, the deconvolved segments must be merged together again. This merging may cause artifacts appearing as grey-scale jumps at the border of the segments if the proper interpolation of the pulse is not done [4] , [7] .
Usually, the term "blind" means both the local PSF and the corresponding reflectivity function should be recovered directly from the observed data, such as autoregressive moving average (ARMA) method. However, in most of current ultrasound deconvolution methods, the procedures of estimating the PSF and recovering the tissue reflectivity FrMT4.4
978-1-4244-4707-7/09/$25.00 ©2009 IEEEfunction are disjoint. Furthermore, the PSF function is used to generate the tissue reflectivity function as a prerequisite. Thus, in [4] - [8] , they demonstrated a more practicable algorithm for the PSF estimation within the framework of homomorphic signal processing in the cepstrum domain. These popular deconvolution algorithms are derived from previous works on numerical methods for solving the image restoration problem when the PSF function is known.
However, homomorphic filtering which is subsequently used in these classical deconvolution algorithms is based on the simplified assumption that the point spread function reside in individual bands of the cepstrum domain [4] - [8] . The assumption is oversimplified and unnatural. Moreover, it may lead to inadequate performance of the speckle reduction methods. At the same time, all cepstrum methods present logarithmic derivative and phase unwrapping. The phase unwrapping is known to be an ill-posed and noise-sensitive reconstruction problem, whose solution is rarely error free. The final resolution and signal-to-noise ratio (SNR) of deconvolved image are directly dependent on the quality of the PSF function estimate.
In this paper, we develop a different approach to the problem of blind deconvolution of medical ultrasound images. It presents a method of blind iterative TV deconvolution by means of 2-D homomorphic filtering. An initial PSF can be estimated by using homomorphic filtering under the assumption that the PSF and the tissue reflectivity function lie in different cepstrum bands and phase unwrapping problem. Subsequently, a new blind iterative TV deconvolution described here is proposed to estimate more accurate PSF function and tissue reflectivity function concurrently in a constrained iterative optimization algorithm. The above-mentioned limitations and drawbacks are relaxed in the subsequent iterative deconvolution. The deconvolution problem is formulated as a minimization algorithm with total variation (TV) regularization. Every iteration computational complexity of the algorithm is three Fast Fourier Transforms (FFTs). Furthermore, the novel deconvolution is applied on phantom and clinical images to generate higher spatial resolution and better defined tissue structures compared with a few other blind deconvolution algorithms. The main attribute of the proposed deconvolution method is the estimation accuracy and computational efficiency of the PSF and tissue reflectivity function.
The paper is organized as follows. Section II describes a formal definition of the ultrasound convolution model. Section III provides the estimation of the initial PSF function based on the homomorphic filtering. In section IV, a new blind iterative TV deconvolution is introduced. Experimental results on measured phantom image data and clinical image data are given to illustrate the quality of the proposed deconvolution in section V. Section VI concludes the paper with a discussion and a conclusion.
II. MODEL OF IMAGE FORMATION
The complex in phase/quadrature (IQ) signals can be obtained by using quadrature demodulation and downsampling to remove frequency bands with no useful signals from real-valued RF-images. Moreover, due to the higher signal-to-noise (SNR) and smaller size of complex in IQ signals, our study work with demodulated IQ-image instead of real-valued RF-image [7] , [8] . Using the classical wave equation, the distortion of the IQ signal can be modeled using a convolution between the PSF function and the tissue reflectivity function within a resolution cell. The measurement noise term must be added here because the image recording system never can be noise free. The complete IQ-image can be given by
(1) Where and denote the axial and lateral indices of the image samples in the spatial domain, and the operation m n stands for 2-D convolution.
Considering the spatial variability of the PSF function, the whole image can be divided into several segments, in which local PSF can be viewed spatially invariant [7] , [8] . The segmentation methods reduce the spatial variability of the PSF function in a limited image area. Then, for a small segment, the received IQ segment image can be described as:
Here, is the complex tissue reflectivity function in the IQ segment area, respectively, is the spatial invariant PSF function of the imaging process within the IQ segment area, and is the measurement noise term.
III. INITIAL PSF ESTIMATION
In the assumption of the PSF function and the tissue reflectivity function in independent 2-D cepstrum bands, the initial PSF function is estimated by using homomorphic filtering. The convolution model (2) can be specified alternatively in the frequency domain by taking the Discrete Fourier Transform (DFT) as follow:
With the upper-case letters in (3) denoting the DFT of their lower-case counterparts in (2) . The fundamental simplified assumption of all homomorphic deconvolution methods illustrate that the log magnitude and phase of the Fourier transform of the PSF can be estimated smoothly from the corresponding RF-image [3] - [10] . The magnitude of the DFT of the PSF function is estimated using the linear relationship between the log spectra of the IQ-image, the PSF, and the reflectivity function. The complex logarithmic transformation is employed in both sides of (3) when ignoring the noise term for the sake of simplicity.
Due to the smooth property of
, it can be recovered through homomorphic filtering the log spectrum
According to the simplified assumption presented, the logarithm of a real function can be used to map the IQ-image data to the cepstrum domain by using homomorphic transformation:
where DFT and DFT-1 stand for the forward and inverse 2-D discrete Fourier transforms, respectively. Computing the logarithm of values close to zero is avoided by using IQ-image data. Moreover, the IQ-image data should be zero-padded prior to the homomorphic filtering to reduce time aliasing [7] , [8] .
After having estimated the cepstrum of the received segment IQ-image, the cepstrum of the local PSF function is estimated by using the cepstrum-domain low-pass Butterworth filtering in order to avoid the Gibbs ringing phenomenon [7] :
where r is the order, and are the locus parameters in the radial and lateral direction, respectively. The estimated PSF function is normalized under the sum of its power spectrum values becomes unity in the 2-D frequency domain. Consequently, the local normalized PSF function in the cepstrum domain is mapped back to the time domain as follows:
IV. TV DECONVOLUTION
Actually, the deconvolution for recovering the original image with known PSF function is a mathematically ill-posed problem. The total variation (TV) regularization can effectively recover images from blurry and noisy observations as one of the most successful regularization approaches [11] , [12] . Without any loss of generality, the deconvolution below is also focused on segment IQ-image.
For simplicity, every segment image is divided as square domains, but all discussion can be equally applied to rectangle domains.
Considering regularizing both of the observed image data and the PSF function by TV norm [11] , [12] , the novel TV blind deconvolution problem is formulated as: 
Using the convolution theorem of two-dimensional discrete Fourier transforms, we can write
Where * denotes complex conjugacy, denotes component-wise multiplication, and the division is component-wise as well.
2) The minimizing for h is given by the normal equations, for a fixed f
Using the convolution theorem of Fourier transforms, we can write
With an initial PSF function , we can minimize (8) by first solving Experiments have been conducted to obtain deconvolved images from real ultrasound measurement images of experimental phantom ATS 532 and clinical images. All image sequences were recorded using Sonix RP, Ultrasonix ® which is a functional ultrasound scanner designed for research purposes. The raw real-valued RF-images were modulated and downsampled to the IQ-images as described at the beginning of Section II. The raw real-valued RF images were recorded by using the Sonix RF linear transducer L14-5W/60 with the following parameters: center frequency of the emitted fundamental harmonic ultrasound pulse 7.5MHz, demodulation frequency of the recorded quadrature signal 10MHz, sampling frequency after quadreature demodulation 20MHz, and each sequence consisting of 2 images (frames). All the RF-images were composed of 256 RF-lines, each of 1032 points in length. Each image was divided into three quasi-stationary segments along the axial direction, according to the methodology of Section II [8] .
The low-pass Butterworth filter is used in the cepstrum domain to estimate the initial PSF function of order 5 and the radial and lateral locus values were 3 and 2, respectively [6] , [7] . The number of iterations used in our iterative deconvolution was set to 5. With further iterations, the improvement of the spatial resolution became less visible. Also, the weight control parameter is fixed at the value and 6 10 2 is set to [11] . Then these two parameters will be further experimentally adjusted to give the best results.
The obtained deconvolved images are used to compare with other popular deconvolution result and total variation denoising result, thus to verify higher spatial resolution and better defined tissue structures than other deconvolution methods.
There is an exact evaluation of the deconvolution performance if the true image is known. Unfortunately, in the in vivo case, quantitatively assessing the performance of the deconvolution methods is problematic because of the absence of corresponding original images. Thus, there is no exact quantitative evaluation method about the resolution improvement of the deconvolved images. In general, the deconvolved images were much sharper and showed the image structures more clearly than the original images. Here, only two performance measures were used for comparison. Firstly, visual evaluation is very helpful to show the sharpness and continuity of the well-defined borders as a good measurement of the spatial resolution. Secondly, the autocorrelation measure was estimated to evaluate the spatial resolution of Wiener deconvolution and TV denoising methods [6] , [7] . Furthermore, the signal-to-noise ratio was estimated to evaluate the effect of deconvolution and denoising on the noise [6] , [7] . 1) Visual Evaluation: The TV deconvolution gets better spatial resolution ( Fig. 1(d) ) than the normal Wiener filter deconvolution ( Fig. 1(b) ) and TV denosing ( Fig.  1(c) ). Comparing these images, it seems that each method does a reasonable job of the enhancing the structure of interest. However, our TV deconvolution seems to provide much more delicate result as compared to other methods, while preserving all the fine structures in each case. Moreover, some structures visible of the TV deconvolved image were slightly visible in the Wiener filter deconvolved image and TV denoising image. It is also clearly higher than the resolution of the popular Wiener filter deconvolution and TV denosing method, especially for sharper border outlines. The similar improvements were observed in the deconvolved images of muscles (Figs. 2) . The delineation of the tissue borders were substantially improved in the TV deconvolution. And the speckle pattern of the TV deconvolved images was more distinct with much shorter spatial correlation. 2) Quantitative Criterion: The spatial resolution of ultrasound images was estimated using the autocorrelation measure [6] , [7] . First, the normalized 2-D autocorrelation was computed from the deconvolved and denosing images. Then the number of pixels with normalized autocorrelation value higher than 0.75 (corresponding to a 2.5dB reduction) was counted. The resolution gain is taken as the ratio of these numbers for the original image and the deconvolved or denosing image. The quantitative estimation of the spatial resolution gain is summarized in Table I . We can see the significant improvement in the resolution gain with respect to the imput original image after applying the proposed preprocessing. The results show that much higher resolution gain is achieved with our proposed TV deconvolution. 3) Signal-to-Noise Ratios: The spatial signal-to-noise ratio was estimated to evaluate the effect of the deconvolution on the noise level. The reference image was the original image. The estimations of the spatial signal-to-noise ratio (Table II) show the highest values for the TV deconvolution method. 
VI. DISCUSSION AND CONCLUSION
The novel TV deconvolution technique for medical ultrasound imaging has been presented in this paper. The performance of the method was verified on phantom and clinical radio frequency data. Greater resolution improvement of the deconvolved ultrasound images was observed with substantially improved definition of tissue borders and more distinct speckle pattern. The novel method becomes attractive for commercial ultrasound application because it improved the spatial resolution.
The approach estimates the PSF function and the tissue reflectivity function simultaneously based on an alternating minimization algorithm. The PSF function is estimated more accurately close to the true values as possible in subsequent iterative procedure. The approach estimates an initial PSF function by using the 2-D homomorphic filtering. The limitations and simplified assumptions of the homomorphic filtering can be avoided in subsequent iterative procedure.
In the present approach, the global part of the PSF function is avoided. The deconvolution procedure was applied to segment IQ-images. Hence, the spatial variance of the PSF function has not been taken into account. This enables the deconvolution of the whole radio frequency image more reliable and faster. The size of subimage plays an important role. The deconvolution becomes more reliable by using larger subimages with more available information, but the spatial variance of the distortion is ignored to a larger extent [6] .
In summary, the present evidence indicates that our novel TV deconvolution technique improves higher spatial resolution and better defined tissue structures than Wiener deconvolution methods and TV denoising method. The method enchances the performances of currently existing homomorphic deconvolution technique and TV denoising technique. The results obtained using the proposed TV deconvolution are shown to be significantly less noisy, and to have higher contrast, thereby better presenting the anatomical structures of interrogated tissue (Tables I and II) .
Because a simplified version of the deconvolution is used in the present approach, the weight control parameter is fixed at the value and 6 10 2 is set to [11] . But the choice of the weight control parameters is a compromise in all realistic applications which straightly affect the performance of our method. Then the weight control parameters should be experimentally adjusted to give the best results for a future study. In this case, it is possible to further improve the deconvolution quality in term of its computational efficiency and resolution gain. 
